ABSTRACT Motivation: The study of interactomes, or networks of protein-protein interactions, is increasingly providing valuable information on biological systems. Here we report a study of cancer proteins in an extensive human protein-protein interaction network constructed by computational methods. Results: We show that human proteins translated from known cancer genes exhibit a network topology that is different from that of proteins not documented as being mutated in cancer. In particular, cancer proteins show an increase in the number of proteins they interact with. They also appear to participate in central hubs rather than peripheral ones, mirroring their greater centrality and participation in networks that form the backbone of the proteome. Moreover, we show that cancer proteins contain a high ratio of highly promiscuous structural domains, i.e., domains with a high propensity for mediating protein interactions. These observations indicate an underlying evolutionary distinction between the two groups of proteins, reflecting the central roles of proteins, whose mutations lead to cancer.
INTRODUCTION
The availability of high-throughput experimental data has allowed construction of increasingly comprehensive and accurate proteinprotein interaction networks. Initial network studies were performed on yeast (Uetz et al., 2000; Ito et al., 2001; Ho et al., 2002; Gavin et al., 2002) but more complex organisms are gradually being surveyed (Giot et al., 2002; Li et al., 2004) . The structure, or topology, of such networks not only sheds light on the complex cellular mechanisms and processes, but also gives insight into evolutionary aspects of the proteins involved (Jeong et al., 2001; Fraser et al., 2002; Bu et al., 2003; Wuchty, 2004; Calvano et al., 2005) .
Charting interaction maps of entire genomes is undoubtedly useful for improved understanding of cellular function, especially once they have been integrated with a wider collection of biological data. It is now possible to map a number of different attributes, or data types, onto interactomes. Examples of such are microarray expression data (Ideker et al., 2002; Sohler et al., 2004; de Lichtenberg et al., 2005) , gene ontology (Formstecher et al., 2005) , structural information (Dunker et al., 2005) and domain composition (Riley et al., 2005; Wuchty and Almaas, 2005) .
Studies focusing on the human interactome have thus far been limited due to lack of reliable and comprehensive experimental data. To compensate for this, several computational methods have been developed with the aim of predicting protein-protein interactions. One approach is based on the principle of orthologous interactions described by Matthews et al. (2001) , which was subsequently implemented (Lehner and Fraser, 2004; Brown and Jurisica, 2005) and further extended with the development of a confidence scoring function for interactions (Jonsson et al., 2006) . Based on our previous approach, we report an extensive genomewide study of cancer and non-cancer proteins integrated into a carefully validated protein-protein interaction network of human proteins. Wachi et al. (2005) have reported increased interaction connectivity in differentially expressed proteins in lung cancer tissues. However, a comprehensive study of the interaction attributes of all known predisposing human cancer genes has not previously been attempted. In this study we examined the connectivity of proteins known to be susceptible to mutations leading to cancer (Furteal et al., 2004) . In addition to statistical analysis of the network properties of cancer proteins, we utilized a clustering method aimed at highlighting proteins in centrally connected hubs that form the backbone of the interactome.
We show that cancer proteins display a global topology significantly different from non-cancer proteins, indicating an increased central role of cancer proteins within the interactome. that would not have been detected in a single species (Sharan et al., 2005) . In short, the method identifies putative interactions based on homology to experimentally determined interactions in a range of different species. BLAST searches were run for the human genome as documented in version 9 of the Reference Sequence Database (Pruitt et al., 2005) against all proteins in the DIP (Salwinski et al., 2004) and MIPS Mammalian Protein-Protein Interaction databases (Pagel et al., 2005) . The putative interactions were given confidence scores based on two factors: the level of homology to proteins found experimentally to interact and the amount of experimental data available. The confidence score, S, is given by
where s ai and s bi are sequence similarity bit scores to proteins a i and b i , respectively, which have experimentally been shown to interact; n is the number of experiments linking protein a i to protein b i and N is the total number of instances where the same pair of proteins is identified as interacting through different homologues. The complete interactome data are available in the Supplementary Material.
ROC curve analysis
Data were analysed by sensitivity and specificity derived from the receiver operating characteristic (ROC) curve, and area under the curve. The receiver operating characteristic analysis builds on the outcome of the prediction, in particular on the rates of true and false positive identification of interaction (TP and FP, respectively) . True positive interactions were sourced from the Human Protein Reference Database, Version 13 (Peri et al., 2003) . Interactions were classified as false positive if interacting proteins had been documented in incompatible cellular compartments (e.g. plasma membrane proteins interacting with nuclear proteins), as annotated in the December 2005 release of the Gene Ontology (GO) Consortium database (Ashburner et al., 2000) .
Clustering of interconnected proteins
The network of interactions was analysed using clique percolation clustering (Adamcsek et al., 2006) , which locates maximal complete subgraphs (k-cliques) in the networks and then identifies 'communities' by carrying out standard component analysis of the clique-clique overlap. In this context, the variable k is defined as the number of nodes in the subgraph and a k-clique community is defined as the union of all k-cliques that can be reached from each other through a series of adjacent k-cliques, where cliques sharing k À 1 nodes are defined as adjacent. The resulting communities are allowed to exhibit a degree of overlap, which is particularly useful, as such methods have been shown to be more suitable for identifying central hubs in biological networks compared with non-overlapping clustering algorithms (Wuchty and Almaas, 2005) . The protein clustering data are available in the Supplementary Material. Sensitivity, specificity and positive predictive value (PPV) as a function of the cut-off score. The positive predictive value, PPV ¼ TP / (TP + FP), indicates the likelihood of true interaction, given a positive prediction. Also shown is the total number of interactions for each score cut-off. 
Datasets
Information on cancer genes was obtained from a comprehensive census of human cancer genes (Futreal et al., 2004) . The data, 346 genes encoding 509 protein isoforms, were mapped on to the protein-protein interaction network. Statistics relating to the frequency of domain-domain interactions were obtained from version 19.0 of PFAM (Bateman et al., 2004) .
Proteins were classified into cellular processes according to information from release 37.0 of the KEGG Pathway Database (Kanehisa et al., 2006) and June 2006 release of the Gene Ontology database.
RESULTS AND DISCUSSION

Network validation
The human interactome was built on a network of predicted proteinprotein interactions. After constructing the human interactome we assessed the sensitivity and specificity of the predictions, on which the interactome was based. Each interaction received a score according to Equation (1), and the scoring function assessed by a ROCcurve, shown in Figure 1 . The area under the curve is equal to 0.89, which illustrates that the derived scoring function is a good indicator of prediction reliability-an area of 1.0 would indicate a zero rate of false negative and 100% rate of true positive identification. The standard error for the graph is 0.00078, which indicates a sufficient sample size.
The trade-off for high a sensitivity is a lower specificity, which means a higher fraction of false positives. For a score cut-off of 11.0 we obtained sensitivity of 85% and specificity of 82% (Table 1) , which is a reasonable balance between the true positive fraction (sensitivity) and the true negative fraction (specificity). The interactome consisted of 108 113 binary interactions when a minimum score of 11.0 was implemented. This compares to 196 213 and 66 944 for cut-off score of 10 and 12 respectively.
Network properties of cancer proteins
The construction of a validated human protein-protein interaction network allows an in-depth analysis of individual proteins in the context of their surroundings. Here the network topographies of human cancer proteins were examined with the aim of uncovering intrinsic properties that distinguish proteins prone to cancerous mutations from those that are not.
3.2.1. Connectivity The number of interaction partners for each protein in the network was calculated, using the cut-off score described above. Statistics were accumulated for two groups: proteins classified as cancer proteins, and those that were not classified as being linked to cancer. Cancer proteins were shown to have, on average, twice as many interaction partners as non-cancer proteins, with 23.4 and 11.4 interaction partners, respectively (Fig. 2) . Table 2 shows a more detailed breakdown of the interaction frequency. Cancer proteins are under represented in the category of the least connected proteins, but show the reverse trend in all other categories. This trend is highly statistically significant (p ¼ 5 · 10 À34 ). As each interaction in our predicted protein-protein interaction map receives a confidence score, it is possible to test the robustness of the above observation. Increasing the cut-off score limits the amount of interaction data, but the confidence of each interaction is increased. Cancer proteins consistently showed twice as many interaction partners as non-cancer proteins, when the score cut-off was increased, indicating that the observation is reliable (data not shown).
The discovery of a difference in the number of interaction partners between cancer and non-cancer proteins could suggest a differentiation in evolutionary aspects of these two groups. Indeed, the evolutionary rate and age of genes or proteins has been the subject of several publications, showing increasing evidence for a correlation between the age of proteins and the number of interactions they participate in (Fraser et al., 2002; Eisenberg and Levanon, 2003; Wuchty, 2004) . This correlation has been disputed by Jordan et al. (2003) , but in a recent publication, Saeed and Deane (2006) show that a correlation does exist, although it is dependent on the completeness and quality of the dataset under study. These results indicate that proteins, whose mutation results in a detrimental change of function that leads to cancer, may generally be older than the non-cancer ones. Jeong et al. (2001) showed that the most highly connected proteins in yeast are also the ones that are phenotypically most important, and critical for the survival of the organism. Furthermore, it has been shown that toxicity-modulating proteins exhibit a greater number of interactions (Said et al., 2004) . It follows that the increased connectivity of cancer proteins, shown here, suggests that they play a central role in the protein network.
Cancers result from the accumulation of inherited and somatic mutations in oncogenes and tumour suppressor genes. With this in mind, it is of interest to distinguish between somatic and germline mutations that result in cancer. Germline mutations can be passed between generations, whereas somatic mutations are not passed on to offspring. This study shows a modest but statistically significant difference (p ¼ 0:002) in the distribution of interaction partners of somatically mutated versus germline mutated proteins. About twothirds of the proteins showing somatic mutations interact with a relatively low number of proteins (20 interaction partners or less), whereas just over half of germline mutated proteins fell in to the Observed interaction frequency distribution of cancer proteins compared to the expected value as observed in the genome-wide network.
same grouping (Table 3 ). This may indicate somewhat younger average evolutionary age of the somatically mutated cancer proteins compared with germline, reflecting the fact that evolutionary selection pressure affects germline mutated proteins.
Protein domain frequencies
Comparing the structural and domain composition of cancer proteins against domain propensities of the general network reveals a functional diversity that differs from that of proteins in general. Table 4 lists the 20 most frequent domains found in the cancer protein population. Most of those domains appear with a higher frequency than expected. Many of the proteins, whose frequency is increased compared with the expected values, appear to be of nuclear origin and have functionality that particularly focuses on DNA regulation and repair, such as the Zinc-finger, PHD-finger, BRCT and Paired-box domains. The concern that the apparent increased connectivity of cancer proteins is a result of a bias in the protein network needed to be addressed. As described, the construction of the human interaction network builds on experimental data and it could be argued that cancer proteins, having been under particular scrutiny by the scientific community, have been studied in greater detail, which could explain the higher number of known interaction partners for cancer proteins. However, this appears not to be the case and is more likely to be a consequence of domain usage. Using interaction frequencies for domain-domain interactions from the PFAM database (Bateman et al., 2004) , we found that the propensity of highly promiscuous domains, in terms of the variety of different domains they interact 
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The most frequently observed domains in human cancer proteins, listed in a descending order. Their frequency is compared against the expected frequency derived from a network-wide survey. The p promiscuity -value shows the probability of observing a domain with higher interaction promiscuity as calculated by a Probability Density Function based on the PFAM domain population. Domains preceded with $ show statistically higher-than-expected interaction promiscuity (p promiscuity < 0.005) in terms of the number of different domains they interact with. Domains without any documented PFAM interactions receive a p-value of 1. Percentage of cancer proteins belonging to more than one community (based on proteins identified by clustering as belonging to a community). Expected value was based on noncancer proteins.
with, was higher in the cancer population, with 22.2% of domains highly promiscuous compared with 6.9% of the non-cancer population (the number of unique domains, N ¼ 212 and N ¼ 4042, respectively). Some of these domains (p promiscuity < 0.005 ) appear in the list of the most frequently observed cancer domains (Table 4) , and are preceded with the symbol ''$''. This is based on a statistical analysis of interaction frequencies of PFAM domains in general, which conform to a probability density function:
where x is the domain interaction frequency and l is the rate constant, derived from the average value of interactions per domain (0.56), as observed in the PFAM data. There still remains the argument that the PFAM domain-domain interaction data could be biased towards cancer protein studies. Since PFAM is derived from the Protein Data Bank (PDB) (Berman et al., 2000) we checked for bias within this primary structural database. We found that <1% of the PDB contains structural information on the cancer proteins studied here, or their close homologues (E-value 1 · 10 À5 , sequence identity !70%), thereby indicating no obvious bias towards cancer proteins. 
Cluster analysis of the human interactome
Clustering methods have previously been shown to be useful in identifying protein interactions that take place within the same cellular process (Palla et al., 2005; Jonsson et al., 2006) . This can be attributed to the fact that subnetworks of proteins involved in a defined cellular process are more heavily interconnected by direct protein interactions than would be expected by chance (Jeong et al., 2001; Gunsalus et al., 2005) . The k-clique clustering method was applied repeatedly at different k-cluster values (Supplementary Figure 1) . A low k-value yields a large number of extensive communities of less tightly connected protein communities, showing a high degree of overlap, whereas raising the k-value results in identification of fewer and more distinct protein communities that have a high degree of interconnection (Table 5) . Interestingly, even though cluster sizes decrease with increasing k-value, the proportion of cancer genes identified in the protein communities increases, indicating the enrichment of cancer proteins in the most tightly connected communities.
An example of the protein communities identified by this method is shown in Figure 3 . The communities contain proteins involved in a diverse range of protein functions and are either self-contained or connected to other protein communities. In the latter case, cancer proteins can be seen mediating interactions between different pathways, such as in the largest collection, where four communities are linked together, ranging from proteins involved in signal transduction to the immune system, and cell growth and death regulation.
Community size and overlap
On examining the protein communities, some interesting differences in the community size were noticed. Cancer proteins, on average, belonged to more highly populated communities compared with non-cancer proteins (Fig. 4) . It may be that cancer proteins take part in more complex cellular processes than their non-cancer counterparts. It is also conceivable that the larger communities contain larger or more complicated cellular machinery, where cancer proteins play a role.
Proteins identified as members of more than one protein community are of particular interest. In general, each protein community represents a distinct cellular process; therefore proteins that have multiple community membership may be participating in multiple processes, and can be considered to be at the 'interface' of distinct but adjacent cellular processes. Comparing the cancer protein population against the non-cancer population reveals that cancer proteins reside at community interfaces to a much greater extent than their non-cancer counterparts, as shown in Table 6 .
While connectivity gives an indication of a protein's importance, it is possible to further classify the topological role of highly connected proteins based on their locality. Wuchty and Almaas (2005) used a k-core decomposition method to distinguish between highly connected domains in peripheral cores (locally central) and highly connected domains in central cores (globally central). They show that globally central proteins form an evolutionary backbone of the proteome, present elevated evolutionary conservation, and are essential to the organism.
The protein community identification by the k-clique clustering used in this study allows a similar distinction to be made, owing to the overlapping nature of the communities. Proteins in overlapping communities can be classified as global central cores, and nonoverlapping ones as local central cores. The above results thus emphasize the key role of cancer proteins, which is reflected in their protein-network topology. This observation supports and extends the findings of Wachi et al. (2005) , who showed that differentially expressed proteins in squamous cell carcinoma of the lung tend to be global hubs.
Overall, the above findings reveal topological distinction of cancer proteins that is primarily displayed in increased interaction frequency compared with non-cancer proteins. In the light of this, we investigated whether this is owing to a pronounced increase within a few cellular processes or whether there is a uniform distribution of raised connectivity of cancer proteins in all aspects of cellular function. Information from the Gene Ontology Consortium was used to assign proteins to cellular process categories, showing that cancer proteins in all cellular processes contribute to the increase, although proteins in the stimulus response and cellular process groups do so more than others (Supplementary Table 1 ).
CONCLUSION
In summary, we have shown that human proteins involved in cancer exhibit a network topology different from that of proteins not documented as being mutated in cancer. The observation is based on the study of a global protein-protein interaction network, constructed by a homology based method, which we have shown to be capable of accurately predicting protein-protein interactions.
The most striking property of cancer proteins is the increased frequency of interactions they participate in. This observation indicates an underlying evolutionary pressure to which cancer genes, as genes of central importance, are subjected.
The k-clique clustering algorithm allows us to explore proteinprotein connectivity in a more informative way than is possible just by looking at the interaction frequency of each protein. Its feature of overlapping protein communities allows us to distinguish between central and peripheral hubs of highly connecting proteins, revealing proteins forming the backbone of the proteome. The fact that we observe an enrichment of cancer proteins in this group indicates the central role of these proteins. The domain composition of cancer proteins may indicate why this is the case: we have shown that cancer proteins contain a high ratio of highly promiscuous domains, in terms of the number of different proteins with which they interact. The results presented here provide first insights into the global network properties of cancer proteins, and can be used to guide experiments towards regions of the interactome likely to modulate cellular processes involved in cancer. Further studies, however, are required to fully resolve the evolutionary aspect of these findings.
